Discriminative power of DNase-seq for mapping locations of multi-reads. Log base two ratios of DNase-seq versus ChIP-seq reads counts in the local neighbourhoods of the two mapping locations of each multi-read in Atf3 and cFos ChIP-seq datasets from GM12878 and K562 cells. The vertical and horizontal lines depict boundaries with the log base two ratios equal to 0.5.Perm-seq improvements on the sequencing depths and the numbers of peaks compared to uni-read analysis for (a) GM12878 and (b) K562 cells. x-axis reports the percentage increase in the sequencing depth due to Perm-seq for each of the 32 factors. y-axis reports the percentage increase in the number of peaks by dividing the number of peaks that are only identifiable by Perm-seq but not uni-read analysis by the total number of peaks from the uni-read analysis. "Perm-seq-only" compares the uni-read peaks at an IDR of 2% with the Perm-seq peaks at the same IDR. "Perm-seq" exclusive compares Perm-seq peaks at an IDR of 2% with an extended uni-read peak list that is 5 times the size of the optimal uni-read optimal peak list as defined at the IDR of 2%. Figure 4 . UCSC Genome browser screen shot of a sample Ctcf peak in GM12878 cells (chr15:23,152,776-23,153,076) identified by CSEM and Perm-seq and missed by uni-read analysis. 
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Data-driven computational experiments
We compared Perm-seq, CSEM, a Gibbs-based approach [1] , which is another multi-read allocation method similar to CSEM, and a random allocation approach that randomly allocates multi-reads to one of their mapping locations using data-driven computational experiments. We simulated read data using parameters estimated from the Atf3 ChIP-seq sample in GM12878 cells. To reduce computational time, we restricted our data generation process to chromosome 2. We used the actual DNase counts and the estimate of the read density π from the Perm-seq analysis of Atf3 sample to simulate ChIP read counts conditional on the DNase counts. Specifically, we considered three sequencing depth settings:
1. SE1 (low depth): 500,000 reads; 2. SE2 (average depth): 3,000,000 (approximately the number of chromosome 2 reads in the Atf3 sample); 3. SE3 (high depth): 5,000,000 reads.
Since uni-read allocation is the same for all the methods, we focused on the allocation accuracy of multi-reads. Furthermore, we also excluded reads for which the density at the true origin is not the maximum of the densities across all the mapping positions of the read. Although a portion of these reads can be allocated correctly if the value of the local read density around the true origin is high, they are likely to be wrongly allocated by all the methods in individual simulations.
Both the random allocation and Gibbs-based approaches assign multi-reads to a single position, therefore, we assigned multi-reads allocated by Perm-seq and CSEM to their mapping locations with the maximum allocation probabilities. Figure S8 displays the average proportion of correctly allocated reads at different sequencing depths across 10 simulation runs and indicates that Perm-seq performs better than other three approaches at all depths. On average, Perm-seq results in an average increase of 7.7% to 15.4% compared to CSEM and 9.5% and 34.5% compared to the Gibbs-based approach. The random allocation approach performs the worst in all settings, and, as expected, its performance does not improve with the increasing sequencing depth. CSEM outperforms Gibbs in the low depth setting with an increase of 6.7% in the percentage of correct allocations (with a standard error of 0.61%) and performs comparably to Gibbs-based in the higher depth settings. The allocation accuracies of Gibbs-based, CSEM, and Perm-seq increase when the sequencing depth is increased.
We next carried out a comparison of the allocation methods in terms of their impact on peak detection. We partitioned the genome into 200 bps non-overlapping intervals. We first computed interval-level read counts with only uni-reads and uni-reads and multi-reads using their true mapping locations. Then, we generated a set of gold standard enriched regions by identifying intervals with read counts larger than the 99-th percentile of the interval-level uni-read count distribution. Next, we allocated multi-reads by Gibbs-based, CSEM, and Perm-seq approaches and computed interval-level read counts for each method. We then evaluated these approaches in terms of sensitivity and positive predictive value (PPV) of multi-read peaks (peaks that are only identifiable using both multi-and uni-reads). Each method-specific enriched regions were identified following the procedure used for generating the gold standard enriched regions, i.e., peaks. Figure S8 (b) illustrates that Perm-seq has higher sensitivity than both CSEM and Gibbs-based approach (4.6%-10% higher than CSEM and 3.4%-40.1% higher than the Gibbs-based approach with all standard errors less than 2%) for the three settings. Gibbs-based approach performs the worst for SE1 (low sequencing depth setting) with much lower sensitivity compared to Perm-seq and CSEM (40.1% lower than Perm-seq with standard error of 1.7% and 30.1% lower than CSEM with standard error of 2.2% for the three settings). The positive predictive value of Perm-seq is higher than the other two (3.7%-5.3% higher than CSEM with all standard errors less than 2% and 4.8%-17.6% higher than Gibbs-based with standard errors up to 2.8% for the three settings) and Gibbs-based is the lowest. Even though the multi-read allocation accuracy is comparable between CSEM and the Gibbs-based approach for higher sequencing depth settings, multi-reads wrongly allocated by the Gibbs-based approach result in more false positive enriched regions and a decrease in positive predictive value (10.4%, 12.5% lower than CSEM with standard errors less than 2% for SE2 and SE3). Overall, we observe that Perm-seq has consistently higher allocation accuracy compared to other approaches and the increase in the number of correctly allocated multi-reads can lead to detection of more enriched regions and elimination of falsely identified enrichments.
We next performed a more detailed comparison of Perm-seq and CSEM in terms of allocation accuracy and estimation accuracy of the read density π. We partitioned multi-reads into two groups: reads with maximum allocation probability larger than 0.5 (group 1) and reads with maximum allocation probability smaller than or equal to 0.5 (group 2). Each method allocates reads in group 1 to their mapping positions with the maximum allocation probability. These group 1 reads are the subset of the multi-reads that are included in the peak calling pipeline. For reads in group 2, if the two largest allocation probabilities from CSEM or Perm-seq are the same, we label them as failed to be allocated by CSEM or Perm-seq. Remainder of the group 2 reads are allocated to the mapping positions with maximum allocation probability; however they are not utilized in the peak calling pipeline with the exception of the reads with allocation probability exactly equal to 0.5. Figure S9 summarizes allocation accuracy by CSEM and Perm-seq across 10 simulation runs. Overall, these results illustrate that Perm-seq outperforms CSEM in these three sequencing depth settings. For the reads in the first group (reads that are utilized in peak calling), Perm-seq on average allocates 14.44% (with a standard error of 0.65%) more reads while keeping the same false positive rate as CSEM for the low sequencing depth setting. For the medium depth, while Perm-seq does not increase the allocation accuracy, it significantly reduces the number of false positives (8.41% with a standard error of 0.35%). For the high depth setting, Perm-seq shows an average of 8.6% (with a standard error of 0.23%) decrease in the false allocations at the cost of small decrease (2.4%) in the percentage of correct allocations. The general trend for the reads in the second group is that Perm-seq significantly decreases the percentage of reads that cannot be unambiguously allocated (30.44%, 6.1%, 1.03% with all standard errors less than 1% for the low, medium, and high depth settings).
To further investigate the impact of DNase-seq prior, we considered the multi-reads with only two mapping positions. We partitioned these reads into two groups according to the fold change of DNase-seq counts at the mapping locations. Specifically, we labeled the reads with log base 2 fold-changes of DNase-seq counts at the two mapping locations larger than or equal to 0.5 as the group that can be discriminated by DNase-seq and evaluated allocation accuracy of Perm-seq and CSEM for both groups ( Figures S10(a) , (b), (c)). If the DNase-seq does not have discriminating power, Perm-seq performs as good or better than CSEM (comparable increase in both the false and true positive allocations). In contrast, if DNase-seq has discriminating power, Perm-seq significantly increases the percentage of true positive allocations and decreases false allocations at all the three sequencing depth scenarios.
Finally, we evaluated the read density estimates from Perm-seq and CSEM by comparing their density estimates with the true value of the read density. Figure S10 (d) illustrates that both of the Perm-seq and CSEM estimated densities have increasing correlation with the true density as a function of sequencing depth; however, Perm-seq consistently results in higher correlation than that of CSEM. A similar conclusion is observed when the total variation distance of the probability measures is used as a metric to compare the true and the estimated densities (data now shown). GM78 2x75 Sg 1 GM78 2x75 Sg 2 GM78 1x75D -1 GM78 1x75D + 1 GM78 1x75D -2 GM78 1x75D + 2 GM78 cel pA--1 GM78 cel pA--2 GM78 cel pA-+ 1 GM78 cel pA-+ 2 GM78 cel pA+ -1 GM78 cel pA+ -2 GM78 cel pA+ + 1 GM78 cel pA+ + 2 GM12 cyto pA+ -1 GM12 cyto pA+ + 1 K562 Figure 14 . UCSC Genome Browser screen shot of a Perm-seq-only Pol2 peak (GM12878) in the promoter region of the CCL4 gene expressed in GM12878 cells.
6 Sequence analysis of the peaks De novo moJf finding with MEME Supplementary Figure 15 . Overall summary of the sequence analysis of the peak sets with the MEME Suite. Figure 19 . Overall summary of the Perm-seq pipeline with both DNase-seq and Histone ChIP-seq for prior construction. Normalized DNase and Histone profiles of Perm-seq Egr1 peaks specific to DNase prior construction. "Perm-seq-specific (DNase) peaks" depict the set of peaks identified by Perm-seq when using DNase alone and are missed when Histone data is incorporated. "Next best mapping region of Perm-seq-specific (DNase) peaks" depicts the signal for the next best mapping region of every peak. Normalized DNase and histone read counts are plotted for the [-1000 bps, +1000 bps] window surrounding the region center marked by the dashed line.
(a) (b)Supplementary Table 4 . Proportion of Perm-seq specific and CSEM specific peaks with the most significant motifs identified from the de novo sequence analysis of the intersection peaks, i.e., peaks common to uni-read, CSEM, and Perm-seq analysis.
9 Computational experiment with a GM12878 Ctcf PE 101bps read dataset 10 Data tables for Perm-seq with multiple histone ChIP-seq datasets Table 6 . Set of histone ChIP-seq data selected for prior construction by the Group Lasso approach. "1" indicates the inclusion of the histone data in the log-linear regression model.
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